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Abstract
The frequent dispensability of duplicated genes in budding yeast is heralded as a hallmark of genetic robustness
contributed by genetic redundancy. However, theoretical predictions suggest such backup by redundancy is evolutionarily
unstable, and the extent of genetic robustness contributed from redundancy remains controversial. It is anticipated that, to
achieve mutual buffering, the duplicated paralogs must at least share some functional overlap. However, counter-intuitively,
several recent studies reported little functional redundancy between these buffering duplicates. The large yeast genetic
interactions released recently allowed us to address these issues on a genome-wide scale. We herein characterized the
synthetic genetic interactions for ,500 pairs of yeast duplicated genes originated from either whole-genome duplication
(WGD) or small-scale duplication (SSD) events. We established that functional redundancy between duplicates is a pre-
requisite and thus is highly predictive of their backup capacity. This observation was particularly pronounced with the use of
a newly introduced metric in scoring functional overlap between paralogs on the basis of gene ontology annotations. Even
though mutual buffering was observed to be prevalent among duplicated genes, we showed that the observed backup
capacity is largely an evolutionarily transient state. The loss of backup capacity generally follows a neutral mode, with the
buffering strength decreasing in proportion to divergence time, and the vast majority of the paralogs have already lost their
backup capacity. These observations validated previous theoretic predictions about instability of genetic redundancy.
However, departing from the general neutral mode, intriguingly, our analysis revealed the presence of natural selection in
stabilizing functional overlap between SSD pairs. These selected pairs, both WGD and SSD, tend to have decelerated
functional evolution, have higher propensities of co-clustering into the same protein complexes, and share common
interacting partners. Our study revealed the general principles for the long-term retention of genetic redundancy.
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Introduction
Genetic robustness in yeast cells accounts for insignificant
phenotypic consequences upon deletion of many genes [1,2]. It is
thought that such resilient design of the genetic program is
achieved in two different ways. In the first scenario, genes
performing related functions are distributed on alternate pathways
[3,4] mimicking the electric parallel circuits so its alternate paths
can compensate that blockage of one pathway. The second
strategy to achieve robustness is by gene duplication, i.e. null
mutation on one gene can be buffered by its paralogous copy
which shares overlapping function [5]. This notion is supported by
recent investigations which showed that mutual compensation is
prevalent among paralogs [6–8], but contradicts population
genetic theories predicting that genetic redundancy is evolution-
arily unstable [9]. The instability can be understood when
considering the evolutionary fate of duplicated genes [10]. Upon
duplication, the paralogs usually go through a short-lived and
transient state of complete redundancy, followed by a non-
functionalization process that leads to massive loss of duplicates
[10]. To persist, duplicate genes usually have to functionally
diverge, either through subfunctionalization (partition of ancestral
functions) or neofunctionalization (independent gain of novel
functions) [10–13]. Regardless of how the paralogs had navigated
an evolutionary trajectory from the transient complete redundancy
to the long-time retention, the sister paralogs are anticipated to
share fewer functions as time progresses. Therefore, the missive
loss of duplicated genes and the highly divergent functions
between the long-term retained pairs appear to be contradictory
to the genetic redundancy provided by paralogs. More perplex-
ingly, even for the duplicates that have backup capacity, several
recent studies reported that little functional similarity is shared
between them [8,14], leading to the hypothesis of ‘‘backup without
redundancy’’ [14].
As these previous observations were made on small datasets
from double-gene deletion experiments in budding yeast, it is
necessary to re-examine the relationship between the cellular
robustness and gene redundancy using more recent and larger
datasets, and more importantly, to include paralogs arising from
different evolutionary origins. In this study, we based our analysis
on the synthetic genetic interactions derived from a recent
landmark study, in which ,2, 000 genes were queried against
the rest of the genome for synthetic genetic interactions (epistasis)
[15]. This data set, larger than any other previous yeast double-
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systematically examine the genetic buffering between ,500
duplicate gene pairs on a genome-wide scale. Moreover, this data
set includes duplicate pairs from both whole-genome duplication
(WGD) and small-scale duplications (SSD), allowing us to compare
duplicates with different origins in an unbiased manner. Our
analysis confirmed the previous reports, which were based on
much smaller datasets, about the prevalent mutual compensation
among paralogs, both from WGD and SSD. However, in contrast
with ‘‘backup without redundancy’’, our further examination
suggests that functional overlap/redundancy between paralogs is a
key determinant of backup capacity between duplicates, with
which the buffering potential of any given pair can be accurately
predicted. More interestingly, although mutual compensation
among duplicate genes is prevalent, we found that the evolution of
genetic robustness by gene duplication follows a neutral mode, i.e.
the loss of backup capacity being proportional to background
mutations accumulated in the divergence time since duplication.
Under the neutral mode, although massive duplicates had lost
their mutual compensation, we also found natural selection plays a
role in maintaining long-term retention of the backup capacity
between a few duplicates, which requires slowly evolved functions
between paralogs.
Results
We compiled unambiguous 495 WGD and 667 SSD duplicate
pairs from Guan et al. [16], where an improved algorithm on the
basis of Kellis et al. [17,18] was employed to detect WGD
paralogs; the independent SSD paralogs were derived from the
best reciprocal matches. We removed ribosomal-related duplicates
due to their high level of conservation in sequence and expression
[19]. In the end, we retained 494 pairs with quantitative genetic
interactions from Costanzo et al. [15], which included 266 WGD
pairs and 228 SSD pairs (Table S1). The scoring scheme for the
synthetic genetic array (SGA) experiment was described in the
original publication [15]. Briefly, duplicate pairs showing severer
aggravating genetic interactions received more negative interac-
tion scores and were thus deemed to have stronger backup
capacity [15]. We note that it is possible that mutual compensta-
tion between some pairs is too subtle to be detected in the current
SGA assay, so in this study we only cconsidered pairs with
unambiguous genetic interactions revealed by the scoring scheme
developed by Costanzo et al. [15].
Prevalent and strong genetic backup between duplicate
paralogs
Among the duplicate pairs assayed, we found 39.5% (105/266)
of the WGD paralogs had significant aggravating interactions, in
comparison with 18.4% (42/228) for SSD paralogs (Figure 1). The
percentage of backup pairs for WGD was comparable to what was
previously reported (,35%) [8], where random spore analysis
(RSA) and growth curve analysis (GCA) rather than SGA were
used to determine the compensatory effects between WGD
paralogs. It was interesting that the percentage of backup pairs
was much lower for SSD pairs than WGD pairs (Figure 1); such a
reduced dispensability of SSD duplicates was previously speculated
from single-gene deletion experiments [20].
We further designed two control sets to determine the statistical
significance of the observed compensation between duplicated
genes. First we randomly chose gene pairs that have genetic
interactions regardless of being duplicate or singleton, and found
only 7% of the pairs have aggravating interactions (see Figure 1A
and Materials and Methods). Second, we took all the duplicated
genes and randomly grouped them into pairs, and found that only
6.6% of these random pairs have aggravating interactions. This
ruled out the possibility that the observed preferential buffering
between duplicates was simply due to that duplicate genes might
have more aggravating genetic interactions than singleton genes.
Comparing the percentages for the control sets with the
percentages of 39.5% for WGD paralogs and 18.4% for SSD
paralogs (Figure 1B), our analysis established that duplicates
indeed have excessive backup capacity, which results from their
intrinsically shared properties. As SGA provides quantitative
measurements for the interaction strength between any gene pairs
[15], we next studied the backup strength between paralogs.
Compared with two control sets, we found the interaction strength
between duplicate pairs was much stronger with the average scores
of 20.42 and 20.33 for WGD and SSD, respectively, in sharp
contrast with 20.07 and 20.069 for the two random control sets,
respectively (see Figure 1B, P=8.54610
236 for WGD,
P=1.87610
26 for SSD and P=0.06 between WGD and SSD).
We note that these findings are in agreement with what was
previous reported from analysis on much smaller datasets [6–
8,14]. Taken together, our analysis established that strong genetic
buffering capacity is prevalent between WGD and SSD paralogs,
which provides enhanced genetic robustness in yeast cell.
Functional similarity is a key determinant of backup
capacity between paralogs
Intuitively, genetic robustness by redundancy between gene
duplicates should be attributed to their functional similarities.
However, conflicting observations were reported in the recent
literature [6–8,14]. It was suggested that functional redundancy
between buffering duplicates is minimal [8,14], which gave rise to
the hypothesis of ‘‘backup without redudancy’’ [14]. In these
earlier studies, functional similarity between paralogs was
characterized based on their resemblance in gene expression
profiles, protein interactions, or genetic interaction profiles.
However, two genes may still buffer each other even though they
only have limited functional overlap, which does not require them
to have near identical profiles of gene expression or genetic
interactions. Supporting this notion, Kafri et al. proposed a model
Author Summary
Eukaryotic cells show remarkable robustness against
external perturbations, which has been thought to be
attributed, at least in part, to the extensive gene
duplication events in eukaryotic genomes. By duplication,
genes are likely to gain redundant copies for backup
purposes, however, this notion contradicts the population
genetic theory that genetic redundancy is evolutionarily
unstable. In this study, we used yeast as a model organism
to delineate the evolutionary trajectory of genetic
robustness by gene duplication, utilizing the comprehen-
sively characterized synthetic genetic interaction data in
the yeast genome. We showed that the evolution of
genetic robustness by duplication follows a neutral mode,
with the loss of backup capacity proportional to the
divergence time. However, natural selection was also
acting on a few pairs to maintain their long-term backup
capacity; and these pairs are slowly evolving, are co-
clustered in the same protein complexes, and tend to
interact with the similar partners. This study unravels the
general principles underlying the evolution of the cellular
robustness arising from genetic redundancy.
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tially expressed duplicates were more likely to buffer each other
[21]. Therefore complementary to indirect metrics that score
overall functional similarity between duplicate copies (inferred
from sequences or expression profiles), a new metric is required to
specifically and directly quantify the extent of functional overlap
between paralogs. In this study, we used a metric called GO-div to
gauge functional overlap between paralogs directly from their
respective GO annotations (see Materials and Methods and also
Figure S1). GO-div previously was used to benchmark data
obtained from high-throughput experiments [22], and here we
adopted this approach to quantify functional overlap between
duplicate genes. Conceptually, GO-div measures the semantic
dissimilarity between the sets of Gene Ontology annotations
associated with a pair of genes [22] and is calculated on the basis of
resemblance between the ‘‘best matched’’ GO terms between
sister paralogs, most notably not affected by other diverged
functions (see Materials and Methods and also Figure S1 for a
schematic illustration). Higher GO-div indicates less functional
overlap between paralogs while lower GO-div indicates both
paralogs at least share some very specific functions even though
they have diverged in other functions. Although current gene
annotations might be incomplete, given the extensive effort in
characterizing yeast genes in the past several decades, GO-div
calibrates functional overlap between two genes at least within the
best of our current knowledge. Complementary to GO-div, we also
calculated the non-synonymous substitution rate per site (Ka)
between paralogs to represent overall divergence in protein coding
sequence between paralogs [23]. Worthy of note, GO-div was
moderately correlated with Ka with R=0.2 and P,0.05. The
statistical significance indicated their intrinsic consistency in
characterizing functional similarity between gene pairs, while the
Figure 1. Genetic buffering among duplicated genes. (A) The prevalent genetic buffering between duplicate genes in comparison with the
randomly paired genes. (B) Buffering strength between duplicates is stronger than randomly paired genes.
doi:10.1371/journal.pgen.1001187.g001
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2) of the variation in
GO-div could be explained by Ka, highlighting the non-
redundancy of using the two metrics in studying functional
divergence.
Among all the duplicate pairs we examined, we found that
substantial functional redundancy between paralogs (for both
WGD and SSD duplicates) was a key determinant of their genetic
backup capability. First, as revealed by Figure 2, duplicate pairs,
either WGD (Figure 2A) or SSD (Figure 2B), are more likely to
buffer each other if they have less diverged functions; this trend
stands when functional divergence was estimated either by the
direct measure (GO-div) or by ka. Secondly, for the buffering pairs
from both WGD and SSD, we found the buffering strength
between the paralogs was significantly correlated with their
functional divergence (see Figure 2C and 2D) scored by GO-div,
having Pearson’s R=0.34, P=3.1610
24 for WGD pairs and
R=0.37, P=0.01 for SSD pairs. The correlation is also significant
when using Ka to approximate functional divergence between
paralogs in both WGD and SSD, with Pearson’s R=0.41,
P=1.5610
25 for WGD pairs and R=0.33, P=0.03 for SSD
pairs. In addition, we also found expression divergence between
duplicates (see Materials and Methods) is significantly correlated
with their buffering strength for SSD paralogs with R=0.33,
P=0.03, but not for WGD pairs. This lessened significance of the
correlation highlights the superiority of using a direct metric to
quantify functional redundancies between duplicates. Taken
Figure 2. Genetic buffering between gene duplicates results from functional redundancy. (A) and (B) indicate functionally similar genes
are more likely to backup each other for WGD (A) and SSD (B) paralogs, respectively, where functional divergence was calibrated by the overlap of GO
annotations (GO-div) and coding sequence divergence (Ka). The number of total pairs in each bin is indicated for GO-div and Ka. (C) and (D) indicate
buffering strength between paralogs is on average proportional to their functional similarity for WGD (C) and SSD (D) paralogs, respectively. (E) is the
receiver operating characteristic (ROC) curve for the prediction of backup capacity between paralogs based on functional similarities. This curve,
together with the AUC (area under the curve) score, was from one random realization of the 3-fold cross-validation.
doi:10.1371/journal.pgen.1001187.g002
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buffering strength and functional overlap between paralogs
suggested that the observed prevalent mutual compensation
between paralogs (Figure 1) is indeed maintained by their
functional similarity, and the less diverged pairs tend to have
stronger buffering strength. It is also important to note that WGD
and SSD paralogs have different origins and functional propen-
sities [16,24], therefore our consistent observation on these two
classes of duplicates suggested our conclusion was not biased
towards particular function categories (as shown in Figure 1 and
Figure 2).
Having established the role of genetic redundancy in cellular
robustness, we ask whether backup capacity can be predicted for
any unseen duplicate pairs. To test this, we pooled the WGD and
SSD duplicates together, labeled the 147 pairs (WGD+SSD) that
have backup capacity as positive samples and the remaining non-
backup pairs as negative. We characterized each pair with a feature
vector, each element being a direct or indirect metric measuring
their functional divergence, including Ka, sequence identity,
expression divergence and GO-div. A support vector machine
(SVM) was subsequently implemented to classify these paralogs
into either with backup capacity or without. A 3-fold cross-
validation, as demonstrated in Figure 2E, suggested that the
degree of functional overlap between any paralog pairs was
sufficient to distinguish backup pairs from non-backup pairs, with
AUC=0.7460.05. Such a high predictive power further strength-
ened our argument that backup between paralogs stems from their
functional redundancy. It is also important to note that GO-div,
which scores the specificity of the best-matched functions between
paralogs, is the strongest indicator among all the features to predict
backup capacity, and using GO-div alone can achieve AUC=0.7,
higher than using combination of any other features (AUC=0.67).
Neutral evolution of genetic robustness from gene
duplication
In the above we described the presence of prevalent mutual
compensation between paralogs (Figure 1) and established that
such compensation is maintained by functional overlap (Figure 2).
However, such functional redundancy should be understood in a
dynamic and evolutionary context because functional similarity
between duplicate pairs might be due to a lack of sufficient
divergence time, or due to the long-term retention by natural
selection. We next decided to delineate the evolutionary trajectory
of genetic robustness resulting from gene duplication events. For
this purpose, we only considered SSD pairs because they have
continuously tractable divergence times, which provide us a
dynamic view of genetic robustness in the course of evolution.
WGD pairs, however, have all resulted from a single ancient
genome duplication event ,100 millions years ago [17,25], and
thus the observed backup capacity between WGDs have
presumably been retained by selection. In the above analysis, we
have identified 42 pairs with backup capacity among a total of 228
SSD pairs (Figure 1). We then calculated Ks (the synonymous
substitution rate per site in coding sequences) between these
buffering SSD paralogs to approximate their divergence time
[10,23]. Strikingly, as revealed in Figure 3A, we found Ks values
among these buffering pairs showed a bi-modal distribution. The
broad peak on the right (with Ks.2, Figure 3A) represents very
ancient paralogs that still maintain their backup capacity. It is
known that most paralogs have to functionally diverge to achieve
long-term retention [11]; the maintained backup capacity between
these ancient pairs should result from severe purifying selection
stabilizing their functional redundancy (note that the ribosomal
proteins have been removed). The peak on the left, centered at
Ks=0.18, represents very recent duplicates. These recent
duplicates have not had sufficient time to functionally diverge,
and these very recent paralogs among the buffering pairs may be
merely due to an ‘‘evolutionary inertia’’. In other words, these
paralogs are in an evolutionary ‘‘transient state’’ since it is
uncertain whether the paralogs will be eventually retained in the
genome or whether they could still keep sufficient functional
overlap in the course of evolution to maintain mutual backup
capacity.
We also examined the remaining 186 SSD pairs, whose mutual
compensation had been completely lost; we found the vast
majority (88%) is ancient pairs with Ks.2, confirming that the
loss of backup capacity needs sufficient divergence time. However,
8 pairs among them showed unusually low Ks values (Ks,1),
where 6 pairs are uncharacterized open reading frames or
hypothetical proteins with unknown functions. Such a discrepancy
might have resulted from rapid loss of functional overlap between
these hypothetical proteins. Furthermore, the observation that the
majority of the duplicate pairs (186 non-buffering pairs, in
comparison with 42 buffering pairs) had lost backup capacity also
suggested that maintaining long-term mutual compensation
between duplicates is evolutionarily difficult because most
mutations affecting fitness are deleterious, and genetic redundancy
would be eventually eroded by rampant mutations. Therefore in a
neutral mode, it is expected that the loss of buffering strength
between paralog pairs should be proportional to the amount of
background mutations, scaled by divergence time. However, in the
alternative model, which assumes the presence of natural selection,
no correlation was expected between these two variables. By using
Ks to approximate the amount of background mutations during
the divergence time since duplication, we were able to consider 10
pairs with Ks#2 among the 42 SSD pairs with backup capacity.
We did not include gene pairs with Ks greater than 2 since the
substitutions might have been saturated, which made it inaccurate
to estimate the synonymous rates of substitutions. Interestingly, we
found a tight correlation between Ks and the buffering strength
between paralogs, with Pearson’s correlation R=0.85,
P=1.8610
23 (Figure 3B), suggesting ,72% (R
2) of the variation
in backup strength between these duplicates could be explained by
Ks. Furthermore, the proportionality of the two variables is
characterized by the slope (k=0.41) of the regression line in
Figure 3B, suggesting that a 0.41-fold decrease in buffering
strength is accompanied with an increase of Ks by every unit. As
Ks is highly correlated with Ka, which is an indicator of functional
divergence in protein coding sequences, we sought to determine
whether Ka was a confounding factor for the correlation between
Ks and the buffering strength between the paralogs. We
performed a partial correlation analysis; by controlling for the
third variable Ka, we found the significant correlation between Ks
and the buffering strength still remains (R=0.64, P=0.06), while
by controlling for Ks, Ka is no longer significantly correlated with
the buffering strength (R=0.41, P=0.27). This trend is also
confirmed on another set of duplicate pairs with no restriction of
best reciprocal BLAST matches to include more samples; again
significant correlation between Ks and the buffering strength still
stands when controlling for Ka (R=0.68, P=0.02), while the
correlation between Ka and the buffering strength is absent when
controlling for Ks (R=0.32, P=0.33). This analysis suggested that
for duplicate pairs, their gradual loss of mutual buffering strength
is scaled by the amount of background mutations (approximated
by Ks), not by the non-synonymous mutations (Ka).
To further support this neutral mode of evolution, the buffering
WGD pairs serve as a negative control as backup capacity between
WGD paralogs has been long-term stabilized by natural selection.
Robustness by Genetic Redundancy
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correlate with the buffering strength between duplicate pairs. By
considering 18 WGD pairs with mutual compensation and Ks#2,
our partial correlation analysis (after controlling for Ka) consis-
tently confirmed this prediction with R=0.4 and P=0.1.
Therefore, we concluded that, unless severe natural selection
stabilizes genetic redundancy between paralogs for their backup
capacity, mutual buffering is generally unstable between paralogs
and will be eventually lost given sufficient amount of background
mutations, which is proportional to divergence time between
paralogs.
For those ancient pairs (Ks.2) that have still retained mutual
buffering (the right peak in Figure 3A), some of them exhibit very
strong buffering capacity with buffering strength less than 20.7
(Figure 3C). This highlighted the effects of selective pressure in
stabilizing functional redundancy between these SSD paralogs.
However, it is known that duplicate genes generally have to
functionally diverge to achieve long-term retention in the genome
[10–12]; therefore cells must have adopted some strategies to
satisfy these conflicting requirements. One interesting example is
an ancient pair STV1 and VPH1 with Ks.4. Their coding
sequences have significantly diverged (Ka.0.4) but have main-
tained significant functional overlap with GO-div being much
smaller than 0.01, manifested by their common function in
vacuolar acidification. The protein products of both genes (Stv1p
and Vph1p) have a vacuolar-ATPase V0 domain for proton
transportation across membranes; however, Stv1p is localized in
Golgi and endosomes while Vph1p is localized in vacuole [26–29].
Therefore the observed backup capacity between these two
paralogs in our study suggests that their function in normal
conditions is likely to be specialized for different cellular
compartments, but upon perturbations, they could be alternately
used to buffer the loss of their respective paralogs. Supporting this
scenario, previous experiments have shown that the moderate
growth defects of Dvph1 mutant could be rescued by over-
expression of Stv1p, which led to re-localization of some Stv1p to
the vacuole where Vph1p is specifically localized [29]. Therefore
this example represents a strategy allowing long-term retention of
duplicates by diversifying their sub-cellular localization to retain
the same functions, with which functional redundancy between
duplicates could be maintained for their long-term mutual
buffering.
Properties of duplicate pairs with retained long-term
backup capacity
Lastly, we probed the general genetic properties of these ancient
pairs that have maintained their long-term backup capacity. For
this purpose we only considered the stabilized buffering paralogs
and excluded those transient buffering pairs (such as gene pairs
around the left peak in Figure 3A). For WGD pairs, as their
mutual compensation remains strong (Figure 1B) even after ,100
million years of evolution [25], mutual compensation between
Figure 3. Neutral evolution of genetic buffering between duplicate genes. (A) The distribution of Ks for the SSD buffering pairs shows a bi-
modal structure, with one peak on the left representing young duplicates with transient buffering and the other broad peak on the right
representing ancient duplicates with stabilized backup by natural selection. The distribution was learned based on kernel density estimation with a
Gaussian window. (B) For SSD buffering pairs with Ks,2, their buffering strength is scaled with divergence time, approximated by Ks. (C) Histogram
of buffering strength between SSD pairs with Ks.2, indicating ancient pairs could still maintain strong mutual compensation.
doi:10.1371/journal.pgen.1001187.g003
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Therefore we compared the 105 WGD duplicates with retained
backup capacity against 161 WGD pairs that had lost their backup
capacity. Similarly, for SSD paralogs, we only considered those
paralog pairs with sufficient divergence time (Ks.2) and excluded
the ‘‘transient’’ buffering paralog pairs since their backup capacity
might be eventually lost (see Figure 2A and 2B). In the end, we
were able to compare 32 ancient SSD backup pairs (Ks.2) with
the 163 non-backup pairs within the same age range (Ks.2).
Compared with the non-buffering paralog pairs, the stabilized
buffing paralogs have significantly overlapping functions for both
WGD and SSD pairs (20–30% lower than non-backup pairs,
Figure 4A and 4B), characterized by GO-div and Ka. Particularly
for WGD, as they originated from a single duplication event ,100
million years ago, the observed elevated functional redundancy
between the buffering pairs indicates decelerated functional
evolution between these duplicates. As the divergence in protein
sequence (nonsynonymous substitutions) can also cause divergence
in three-dimensional structures, we next examined the difference
in secondary structures between these pairs. As expected, we
confirmed that functional similarity between buffering pairs from
WGD could be also reflected by their structural similarities, with
backup pairs usually having similar secondary structural confor-
mations (Figure 4C).
We also collected protein interactions from BioGrid (see
Materials and Methods) [30] and found 62% of the backup
WGD paralogs have at least one shared interacting protein while
the percentage substantially decrease to 40% for non-backup
WGD paralogs (Figure 4D, P=5.95610
24, chi-square test). We
performed a similar analysis on the 32 SSD paralogs pairs, but did
not find the excessive shared protein interactions in comparison
with the matched control. It is likely due to insufficient sample size
for SSD backup pairs. In addition, unlike WGD pairs, buffering
between SSD pairs is typically weaker than WGD pairs
(Figure 1B). Therefore it is likely that the subtle buffering between
SSD pairs might not be captured in our analysis of protein
interactions. However, regardless of WGD and SSD, we did find
the buffering pairs shared some common characteristics. With a
total of 392 literature-curated protein complexes examined, we
found both WGD and SSD buffering pairs were more likely to be
co-clustered in the same protein complexes, with the percentage of
,18% for the buffering pairs, compared with only ,5–8% for the
non-buffering pairs (see Figure 4D). Worthy of note, previous work
showed preferential co-clustering of WGD pairs in protein
complexes [31]; thus the further elevated propensity of co-
clustering for these buffering WGD pairs reveals a strategy of
genetic buffering between duplicates: within the same complex,
the backup subunit is always ready to take place of the
malfunctioned ones. However, it is important to note that even
in the same protein complex, the paralogs still have substantial
divergence in sequences and expression profiles, which might
indicate the underlying regulatory reprogramming to regulate
such a backup strategy [21]. This notion can be best illustrated by
one example of a buffering pair derived from SSD, Hos2p
(YGL194C) and Rpd3p (YNL330C): both proteins are involved in
the histone deacetylase complex; however, Rpd3p is also a
member of Rpd3L complex, Rpd3S complex, Sin3 complex and
HDB complex. Therefore by differentiating their functions, the
Figure 4. Genetic properties of paralogs with stable mutual buffering. WGD (A) and SSD (B) buffering paralogs have reduced sequence
divergence and have more specific overlapping GO annotations. Note that for WGD buffering pairs have more conserved sequence evolution that
SSD buffering pairs. (C) The WGD buffering pairs have more conserved structural conformation than the non-buffering pairs. (D) WGD buffering pairs
are more likely to share ancestral interacting proteins; both WGD and SSD buffering pairs are more likely to be co-clustered in the same protein
complexes.
doi:10.1371/journal.pgen.1001187.g004
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clustering in histone deacetylase complex enables their mutual
buffering capacity.
Discussion
There are long-standing debates about the extent and
mechanism of genetic robustness contributed by gene duplication.
On one hand duplicated genes do show markedly elevated
dispensability than singleton genes, which was speculated to result
from mutual compensation between paralogs [5]. Alternatively, it
was also proposed that such elevated dispensability of duplicates
merely results from higher ‘‘duplicability’’ of less important
ancestral genes [32]. Therefore, to determine the extent to which
yeast paralogs could buffer each other, a systematic interrogation
of double-knockouts of yeast paralogs is essential. In this work, we
analyzed mutual buffering between yeast paralogs for ,500 non-
redundant WGD and SSD duplicate pairs, a set much larger than
what was previously examined. With this largest dataset to this
date, we established that merely relying on functional overlap, we
are able to accurately predict buffering capacity between paralogs
(with AUC.0.74). We further considered the functional redun-
dancy in an evolutionary context, and found recent pairs usually
maintain transient functional overlap, and the resulting mutual
compensation should be mainly attributed to a lack of sufficient
divergence time. However, we also uncovered an appreciable
portion of duplicates with long-term retained backup capacity
stabilized by selection, which is explained by their conserved
functional overlap.
Although both WGD and SSD paralogs could have buffering
capacity, substantial difference existed between these two sets, As
shown in Figure 1, it is clear that WGD pairs are far more likely to
buffer each than SSD pairs (39% vs 18%); WGD pairs also have
stronger buffering strength. We reasoned that this disparity might
have resulted from differential evolutionary mode between WGD
and SSD paralogs [24]. It is known that dosage balance plays an
important role in WGD retention [24,33]; thus the retained WGD
paralogs we observed here are expected to be under stronger
functional constraints, which reduce the rate of functional
divergence between WGD paralogs. Given these facts, their
preferential mutual buffering is then anticipated.
While the stoichiometric constraints on WGD pairs provide an
explanation to the long-term retained redundancy for backup
capacity, we for the first time presented convincing evidence that
natural selection also acted on SSD pairs, which were presumably
under less stoichiometric constraints compared with WGDs
[16,24]. This finding is interesting as it revealed a different mode
of evolution from that of WGD pairs. Without severe stoichio-
metric constraints, the duplicated copies could have the freedom to
experience functional dispersal for their long-term retention,
which may bring substantial genetic novelty into an existing
system [13]. On the other hand, however, functional overlap
between the duplicated copies and the progenitor copies was also
selected and therefore stabilized during the course of evolution,
which promotes cellular robustness. Though both sides are
beneficial for a cell, they are conflicting in nature because most
duplicates have to experience substantial functional divergence to
achieve their long-term retention [10,11], and genetic redundancy
would be eventually eroded by rampant mutations in the process
of functional divergence. However, in our study the observed
natural selection on backup capacity between some ancient SSD
pairs (Figure 3A and 3C) suggests that in some circumstances,
genetic redundancy can still be long-term retained by natural
selection, and that cells must have evolved effective strategies to
balance the conflicting needs, promoting genetic novelty and
systems robustness simultaneously. This point is best demonstrated
by the example of STV1 and VPH1, which retained their long-term
backup capacity by specializing their overlapping function in
different cellular organelles.
Based the results described in this paper, we propose that genetic
redundancy essentially comes from functional overlap between paralogs
[7]. This notion is consistently supported in our study by
employing GO-div to specifically quantify the degree of functional
overlap between paralogs; this approach is not affected by other
differentiated functions that are not shared by the paralogs. In
contrast, as shown in previous work, when using expression
profiles or genetic interaction profiles to estimate functional
divergence on a global scale (in comparison with localized function
overlap), strong association between functional similarity and
backup capacity is not always observed [14,31].
Despite the prevalence of mutual compensation between
paralogs, our analysis revealed that a large number of duplicate
pairs had lost their backup capacity. Indeed, we showed that the
erosion of backup capacity between paralogs is essentially a neutral
process, with the buffering strength correlated with the amount of
background mutations, and proportional to divergence time.
Consequently unless evolutionarily stabilized, mutual compensa-
tion between most paralogs is an evolutionarily transient state, and
cannot substantially contribute to the cellular robustness on a large
evolutionary scale. Therefore, beyond genetic redundancy be-
tween duplicates, future research is needed to explore other
mechanisms contributing to the global robustness in a cell.
Materials and Methods
Compiling duplicate genes in budding yeast
We compiled yeast duplicates from Guan et al. [16], where the
authors used an improved algorithm to detect paralogs based on
Kellis et al [17,18]. In our study, we studied 495 WGD and 667
SSD paralogs with sequence identity $20% as they represent the
most confidently assigned paralogs. The SSD pairs were derived
from the best reciprocal matches, with one gene being involved in
only one pair. Among the WGD and SSD paralogs, we removed
the pairs with at least one copy annotated to be ribosomal proteins,
and the annotation was based on gene ontology (GO, as of Jan
2009).
Genetic interaction between paralogs
We mapped the paralogs onto the newly released yeast genetic
interaction data generated by high-density synthetic genetic arrays
(SGA) [15], and retained a total of 328 pairs that have quantitative
genetic interactions. We further complemented this list by
quantitatingadditional166pairswiththesameplatformasCostanzo
et al. [15]. In total, we studied 494 non-ribosomal paralogs in this
study, in which 266 were WGD paralogs and 228 were SSD
paralogs. The scoring scheme for genetic interactions is detailed in
Costanzo et al. [15]; the significant negative genetic interactions
(interaction score is smaller than 0 and P-val is less than 0.05)
between paralogs indicate their mutual backup capacity, implicating
that double deletion of a pair induces much sicker growth defect that
expected from single-deletions. Therefore the more negative the
scores are, the stronger backup capacity is expected.
Randomization protocols
To determine whether the duplicate pairs have an excess of
backup capacity, we generated an ensemble of 1,000 randomized
controls. For each control group, we randomly sampled 1,000
gene pairs hat have genetic interaction assayed in Costanzo et al.
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interaction can be determined for each control group, and the
distribution of the percentages can be estimated from the 1, 000
randomized controls. To determine whether buffering between
paralogs was stronger than random pairs, for each control, we
calculated average scores for the pairs maintaining negative
interactions, and the distribution of the average scores can be
estimated from the 1, 000 randomized controls.
Calculating sequence divergence
Sequence divergence between paralogs is estimated by synon-
ymous (Ks) and non-synonymous (Ka) substitutions per site by
aligning the coding sequences of two genes. We downloaded yeast
gene sequences from SGD (Saccharomyces Genome Database),
and implemented PAML to calculate Ks and Ka [34].
Calculating GO–div
Functional similarities between two genes can be measured by
their semantic similarities in the Gene Ontology (GO) hierarchy
[22,35]; this approach had been successfully used to benchmark
data from high-throughput experiments [36]. In this study, we
adopted this approach to quantify functional overlap between
duplicate genes. We considered all the GO terms in the hierarchy
of Biological Process (BP), and these terms represent a corpus, with
which each gene is annotated. We did not consider terms in the
hierarchies of Cellular Component (CC) and Molecular Function
(MF) because CC is not a direct indicator of functional similarity.
MF depicts gene activities at the molecular level, and one or more
assemblies of MF define a BP term [37]. Therefore considering BP
terms implicitly covers MF annotations. In addition, recent work
showed using BP reaches the best performance than using CC and
MF terms [22]. Considering annotation quality, we excluded all
the electronic annotations (with the code of IEA).
For a duplicate pair, as shown in Figure S1A, copy A is
annotated with m terms and copy B is annotated with n terms, so
GO-div between copy A and B is defined by:
Go{div~1{maxfT(i,j),1ƒiƒm,1ƒjƒngð 1Þ
where T(i,j) is the semantic similarity between term i and j.
Calculation of the term-term semantic similarity T in a GO
hierarchy is demonstrated in Figure S1B by following the protocol
described in [22] and [36]. The rationale is that two terms are more
similar if they share a very specific ancestralterm, and the specificity
of a term x is defined by the probability, p(x), of randomly sampling
the term x and all its (recursive) children terms from the BP term
collection [35]. With this, the term-term similarity T(m,n), using the
term Am for gene copy A and the term Bn for gene copy B as an





S(m,n) is the set of parent terms shared by m and n (see Figure S1B),
and the numerator of Eq.[2] essentially is to calculate the
information content of the most specific parental term(s) shared
by m and n (see Figure S1B). The denominator is a normalization
constant to scale the score between 0 and 1. Thus for two terms, if
both terms are specific (deep in the GO tree) while their common
ancestor term is also very specific, then the two terms receive high
score T, indicating great semantic similarity between the two terms.
At an extreme, when two terms areonlyoverlappedat the rootterm
(Biological Process), then p(x)=1, giving T=0.
Collectively, GO-div computes all possible term-term similarity for
a duplicate pair (Figure S1A), and scores the best matched GO term
pair(s). In this regard, compared with other metrics for character-
izing overallfunctional similarity between duplicates, GO-divis more
suitable to quantify ‘‘functional overlap’’ between paralogs.
Expression divergence between paralogs
We collected expression profiles for each yeast genes across 549
physiological conditions [38–40]. Expression divergence between
paralogs is then defined as 1 minus correlation coefficients of
expression profiles between sister paralogs.
SVM implementation
We trained a SVM using RBF kernel with Gaussian variance
s~45 and penalty for soft margin e~1,500.
Protein secondary structure prediction and comparison
We predicted protein secondary structures using PSIPRED
[41], which achieves prediction accuracy .80%. For the predicted
structures, we compared the structural resemblance using a newly
introduced approach [42], where structural characteristics are
encoded in a feature vector comprised of transition probabilities
among the basic structural building blocks including a helices, b
strands and coils. Information discrepancy between two feature
vectors of sister paralogs was calculated to quantify dissimilarity in
secondary structures, D, and greater D indicates more dissimilar
secondary structures. This approach has been shown to be robust
and objective to classify protein structures [42].
Compiling protein interaction networks and protein
complexes
We downloaded protein-protein interactions from BioGrid
(version 2.0.52) [30], and retained protein interactions reported
from two-hybrid assays and affinity capture-mass spectrometry.
The derived protein interaction network covers 4,873 genes
mediate 33, 949 protein interactions. Protein complexes were
curated by merging annotations from SGD (Saccharomyces
Genome Database), GO (Gene Onotology) and MIPS (The
Munich Information Center for Protein Sequences).
Supporting Information
Figure S1 A schematic illustration of how to calculate GO-div.
(A) For a duplicate pair with copy A and B, we first get all the
annotated terms for each copy, and GO-div is calculated on the best
matched terms, with the highest term-term similarity. (B)
Calculating the term-term similarity in a hierarchical GO tree.
For term m and n, in this example, their semantic similarity is
measured by their most specific common ancestor. Term
specificity is calibrated by the probability of randomly sampling
a term and all its associated children terms from the global GO
hierarchy (indicated by p in the figure). The term set S represents
the common ancestral nodes between node m and n.
Found at: doi:10.1371/journal.pgen.1001187.s001 (0.39 MB PDF)
Table S1 The duplicate pairs analyzed in this study, grouped by
WGD and SSD separately.
Found at: doi:10.1371/journal.pgen.1001187.s002 (0.29 MB PDF)
Author Contributions
Conceived and designed the experiments: JL ZZ. Performed the
experiments: JL ZY. Analyzed the data: JL ZY. Wrote the paper: JL ZZ.
Supervised the project: ZZ.
Robustness by Genetic Redundancy
PLoS Genetics | www.plosgenetics.org 9 November 2010 | Volume 6 | Issue 11 | e1001187References
1. Giaever G, Chu AM, Ni L, Connelly C, Riles L, et al. (2002) Functional
profiling of the Saccharomyces cerevisiae genome. Nature 418: 387–391.
2. Smith V, Chou KN, Lashkari D, Botstein D, Brown PO (1996) Functional
analysis of the genes of yeast chromosome V by genetic footprinting. Science
274: 2069–2074.
3. Wagner A (2000) Robustness against mutations in genetic networks of yeast. Nat
Genet 24: 355–361.
4. Wagner A (2005) Distributed robustness versus redundancy as causes of
mutational robustness. Bioessays 27: 176–188.
5. Gu Z, Steinmetz LM, Gu X, Scharfe C, Davis RW, et al. (2003) Role of
duplicate genes in genetic robustness against null mutations. Nature 421: 63–66.
6. Dean EJ, Davis JC, Davis RW, Petrov DA (2008) Pervasive and persistent
redundancy among duplicated genes in yeast. PLoS Genet 4: e1000113.
doi:10.1371/journal.pgen.1000113.
7. DeLuna A, Vetsigian K, Shoresh N, Hegreness M, Colon-Gonzalez M, et al.
(2008) Exposing the fitness contribution of duplicated genes. Nat Genet 40:
676–681.
8. Musso G, Costanzo M, Huangfu M, Smith AM, Paw J, et al. (2008) The
extensive and condition-dependent nature of epistasis among whole-genome
duplicates in yeast. Genome Res 18: 1092–1099.
9. Brookfield J (1992) Can genes be truly redundant? Currr Biol 2: 553–554.
10. Lynch M, Conery JS (2000) The evolutionary fate and consequences of duplicate
genes. Science 290: 1151–1155.
11. Force A, Lynch M, Pickett FB, Amores A, Yan YL, et al. (1999) Preservation of
duplicate genes by complementary, degenerative mutations. Genetics 151:
1531–1545.
12. Lynch M, Force A (2000) The probability of duplicate gene preservation by
subfunctionalization. Genetics 154: 459–473.
13. Ohno S (1970) Evolution by gene duplication. New York: Springer-Verlag. pp
xv, 160.
14. Ihmels J, Collins SR, Schuldiner M, Krogan NJ, Weissman JS (2007) Backup
without redundancy: genetic interactions reveal the cost of duplicate gene loss.
Mol Syst Biol 3: 86.
15. Costanzo M, Baryshnikova A, Bellay J, Kim Y, Spear ED, et al. (2010) The
genetic landscape of a cell. Science 327: 425–431.
16. Guan Y, Dunham MJ, Troyanskaya OG (2007) Functional analysis of gene
duplications in Saccharomyces cerevisiae. Genetics 175: 933–943.
17. Kellis M, Birren BW, Lander ES (2004) Proof and evolutionary analysis of
ancient genome duplication in the yeast Saccharomyces cerevisiae. Nature 428:
617–624.
18. Kellis M, Patterson N, Birren B, Berger B, Lander ES (2004) Methods in
comparative genomics: genome correspondence, gene identification and
regulatory motif discovery. J Comput Biol 11: 319–355.
19. Papp B, Pal C, Hurst LD (2003) Evolution of cis-regulatory elements in
duplicated genes of yeast. Trends Genet 19: 417–422.
20. Hakes L, Pinney JW, Lovell SC, Oliver SG, Robertson DL (2007) All duplicates
are not equal: the difference between small-scale and genome duplication.
Genome Biol 8: R209.
21. Kafri R, Bar-Even A, Pilpel Y (2005) Transcription control reprogramming in
genetic backup circuits. Nat Genet 37: 295–299.
22. Guo X, Liu R, Shriver CD, Hu H, Liebman MN (2006) Assessing semantic
similarity measures for the characterization of human regulatory pathways.
Bioinformatics 22: 967–973.
23. Li W-H (1997) Molecular evolution. SunderlandMass.: Sinauer Associates. xv,
487 p.
24. Davis JC, Petrov DA (2005) Do disparate mechanisms of duplication add similar
genes to the genome? Trends Genet 21: 548–551.
25. Wolfe KH, Shields DC (1997) Molecular evidence for an ancient duplication of
the entire yeast genome. Nature 387: 708–713.
26. Graham LA, Stevens TH (1999) Assembly of the yeast vacuolar proton-
translocating ATPase. J Bioenerg Biomembr 31: 39–47.
27. Kawasaki-Nishi S, Nishi T, Forgac M (2001) Yeast V-ATPase complexes
containing different isoforms of the 100-kDa a-subunit differ in coupling
efficiency and in vivo dissociation. J Biol Chem 276: 17941–17948.
28. Manolson MF, Proteau D, Preston RA, Stenbit A, Roberts BT, et al. (1992) The
VPH1 gene encodes a 95-kDa integral membrane polypeptide required for in
vivo assembly and activity of the yeast vacuolar H(+)-ATPase. J Biol Chem 267:
14294–14303.
29. Manolson MF, Wu B, Proteau D, Taillon BE, Roberts BT, et al. (1994) STV1
gene encodes functional homologue of 95-kDa yeast vacuolar H(+)-ATPase
subunit Vph1p. J Biol Chem 269: 14064–14074.
30. Breitkreutz BJ, Stark C, Reguly T, Boucher L, Breitkreutz A, et al. (2008) The
BioGRID Interaction Database: 2008 update. Nucleic Acids Res 36: D637–640.
31. Musso G, Zhang Z, Emili A (2007) Retention of protein complex membership
by ancient duplicated gene products in budding yeast. Trends Genet.
32. He X, Zhang J (2006) Higher duplicability of less important genes in yeast
genomes. Mol Biol Evol 23: 144–151.
33. Papp B, Pal C, Hurst LD (2003) Dosage sensitivity and the evolution of gene
families in yeast. Nature 424: 194–197.
34. Yang Z (1997) PAML: a program package for phylogenetic analysis by
maximum likelihood. Comput Appl Biosci 13: 555–556.
35. Lord PW, Stevens RD, Brass A, Goble CA (2003) Investigating semantic
similarity measures across the Gene Ontology: the relationship between
sequence and annotation. Bioinformatics 19: 1275–1283.
36. Xu T, Du L, Zhou Y (2008) Evaluation of GO-based functional similarity
measures using S. cerevisiae protein interaction and expression profile data.
BMC Bioinformatics 9: 472.
37. Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, et al. (2000) Gene
ontology: tool for the unification of biology. The Gene Ontology Consortium.
Nat Genet 25: 25–29.
38. Gasch AP, Spellman PT, Kao CM, Carmel-Harel O, Eisen MB, et al. (2000)
Genomic expression programs in the response of yeast cells to environmental
changes. Mol Biol Cell 11: 4241–4257.
39. Hughes TR, Marton MJ, Jones AR, Roberts CJ, Stoughton R, et al. (2000)
Functional discovery via a compendium of expression profiles. Cell 102:
109–126.
40. Spellman PT, Sherlock G, Zhang MQ, Iyer VR, Anders K, et al. (1998)
Comprehensive identification of cell cycle-regulated genes of the yeast
Saccharomyces cerevisiae by microarray hybridization. Mol Biol Cell 9:
3273–3297.
41. Jones DT (1999) Protein secondary structure prediction based on position-
specific scoring matrices. J Mol Biol 292: 195–202.
42. Zhang S, Yang L, Wang T (2009) Use of information discrepancy measure to
compare protein secondary structures. J Mol Struct: THEOCHEM 909:
102–106.
Robustness by Genetic Redundancy
PLoS Genetics | www.plosgenetics.org 10 November 2010 | Volume 6 | Issue 11 | e1001187